Objective: To investigate whether behaviors of inattention, hyperactivity, and impulsivity among adolescents in Northern Finland reflect qualitatively distinct subtypes of ADHD, variants along a single continuum of severity, or of severity differences within subtypes. Method: Latent class models, exploratory factor models, and factor mixture models were applied to questionnaire data of ADHD behaviors obtained from the Northern Finland Birth Cohort (NFBC). Latent class models correspond to qualitatively distinct subtypes, factor analysis corresponds to severity differences, and factor mixture analysis allows for both subtypes and severity differences within subtypes. Results: A comparison of the different models shows that models that distinguish between a low scoring majority class (unaffecteds) and a high scoring minority class (affecteds), and allow for two factors (inattentive, hyperactive-impulsive) with severity differences provide the best fit.
Attention-deficit/hyperactivity disorder (ADHD; American Psychiatric Association, 1994), which is defined by symptoms concerning aspects of inattention, hyperactivity, and impulsivity, is one of the most common childhood-onset psychiatric disorders, affecting approximately 5% to 10% of children and adolescents (Brown et al., 2001; Faraone and Biederman, 2005) . There is an ongoing debate regarding whether phenotypic differences are due to differences in severity of inattentive and hyperactiveimpulsive symptoms along an underlying continuum or whether differences reflect qualitatively distinct subtypes with unique etiologies (for a review, see Pickles and Angold, 2003) . Studies that focus primarily on the phenotype of ADHD often apply statistical methods that explicitly or implicitly incorporate assumptions concerning the nature of the phenotype of ADHD. Subtypes of ADHD are often defined by using cutoff scores on summed scales drawn from questionnaire data (e.g., Swanson, Nolan, and Pelham questionnaire [SNAP-IV] ; Swanson, 1995) or symptoms determined by direct interview and DSM-IV (American Psychiatric Association, 1994) . Categorizations based on cutoff values may not be sufficiently fine grained to optimize the definition of the ADHD phenotype.
The present analysis is based on novel statistical developments that allow the comparison of alternative models that correspond to the different conceptualizations of ADHD. We specify models the correspond to a conceptualization in terms of subtypes, models that correspond to a conceptualization in terms of severity differences, and hybrid models that correspond to subtypes but allow for severity differences within subtype. By comparing these alternative models and their fit to collected data, we can make inferences regarding the underlying nature of the ADHD phenotype, as assessed by inattention, hyperactivity, and impulsive behaviors.
The different models used in the present analysis include factor analysis models, latent class models, and factor mixture models. Factor analysis (FA) is based on the assumption differences between individuals are due to differences with respect to one or more continuous underlying traits (i.e., factors). Latent class analysis (LCA) is based on the assumption that differences in symptom endorsements or scores on questionnaire items are due to the fact that individuals belong to different subtypes. The underlying latent class variable is thought to be categorical, and each subtype corresponds to a different latent class. In addition, it is assumed that individuals of a given subtype do not differ systematically; in other words, there are no differences in severity within subtype.
Exploratory factor models and/or latent class models have been used in analyses of ADHD data (Hudziak et al., 2005 (Hudziak et al., , 1998 (Hudziak et al., , 2000 Neuman et al., 1999; Rasmussen et al., 2002a Rasmussen et al., , 2004 Rasmussen et al., , 2002b Rohde et al., 2001) . Applying either one of these two approaches separately precludes the possibility of testing which approach, and hence which set of assumptions, is more adequate to describe the ADHD phenotype. A limitation of the previous work has been the lack of a statistical framework that enables a direct test of factor models versus latent class models. A better fit of latent class models would provide evidence in favor of subtypes, whereas a better fit of factor models would support a continuum. This comparison can be achieved within a general framework that encompasses both types of models.
In the present study, we use a statistical framework called factor mixture modeling (FMM), which combines FA and LCA (Arminger et al., 1999; Dolan and van der Maas, 1996; Heinen, 1996; Jedidi et al., 1997; Muthén and Shedden, 1999; Vermunt and Magidson, 2003; Yung, 1997) . FA models and LCA models are submodels of the general FMM. In addition, it is possible to specify hybrid models that have both latent classes and continuous factors within each latent class. This model type would represent a situation in which a population is composed of different subtypes yet in which individuals within a subtype can differ in respect to the severity or symptom patterns of ADHD. The advantage of a general framework is that specific submodels can be compared using well-known measures of goodness of fit (Lubke and Muthén, 2005) . A large simulation has shown that, based on measures of goodness of fit, it is generally possible to decide how many classes and/or factors within a class are needed to correctly model the data at hand (Lubke and Neale, 2006; Lubke and Neale, submitted) . For overviews and applications of this methodology to diagnostic criteria, see Muthén (2006) ; Muthén and Asparouhov (2006) ; Muthén et al. (2006) .
In the present study, FMM are applied to ADHD behavioral data collected by a parent questionnaire in the Northern Finland Birth Cohort (NFBC) of originally more than 9,000 adolescents. The current approach differs from multifactorial models of comorbidity described by Neale and Kendler (1995) , which are designed to reflect the expected probability of a diagnosis with comorbid disorders under different scenarios. Multifactorial models could be applied to investigate whether, and if so, why diagnoses of inattention and hyperactivity-impulsivity concur. In contrast, the current analysis focuses on the question whether, and if so, why observed inattentive and hyperactive-impulsive behaviors covary. Data on comorbid disorders and subtype diagnosis are only available on a small, nonrandom subset of the NFBC; hence, neither models for diagnoses or comorbidity are covered in this study. Our goal is similar to that of previous analyses (Hudziak et al., 2005 (Hudziak et al., , 1998 (Hudziak et al., , 2000 Neuman et al., 1999; Rasmussen et al., 2002a Rasmussen et al., , 2004 Rasmussen et al., , 2002b Rohde et al., 2001) in that a clustering of the sample into subtypes is attempted based on ADHD measures alone. The current analysis addresses the question whether there is evidence in favor of clusters of subjects that differ regarding their response patterns on inattentive and hyperactive-impulsive behaviors. Inclusion of comorbid behaviors would aim at finding clusters reflecting different combinations of ADHD and comorbid behaviors (Neuman et al., 2001 , Thapar et al., 2001 , Volk et al., 2005 .
Due to sex differences in the prevalence of ADHD and potential sex differences regarding subtypes and/or severity, the analyses are conducted for females and males separately. A series of models is fitted to the female and male data including latent class models, exploratory factor models, and models with both classes and factors within class. A comparison of the fit of these models results in choosing a preferred model, which is then tied back to an interpretation regarding the nature of the ADHD phenotype.
METHOD

Subjects
The sample used in the current analysis consists of 6,622 16-to 18-year-olds drawn from the larger NFBC (Järvelin et al., 1993) who completed the 2001Y2003 assessment including the postal screening for ADHD and approved of its use in the present study.
Procedure
The Strengths and Weaknesses of ADHD-Symptoms and Normal-Behavior scale (SWAN; Swanson et al., 2001b) questionnaire was sent to the families as part of a larger NFBC survey conducted in 2001Y2003. Parents were asked to complete the form and informed consent on their children. The study was approved by the Internal Review Board at the University of Oulu in Finland and the Human Subjects Protection Committee at the University of California, Los Angeles (see Smalley et al., 2007) .
Measures
The SWAN is a revised version of the SNAP-IV (Swanson, 1995) , a behavior rating scale measuring inattentive, hyperactive, and impulsive behaviors. Both the SWAN and SNAP contain the 18 items of the DSM-IV diagnostic criteria for ADHD (American Psychiatric Association, 1994) . The SNAP-IV is a widely used rating scale that incorporates the DSM-IV diagnostic criteria, has norms on large populations, and is sensitive to medication effects. However, it has significant floor effects (i.e., a preponderance of low scores) within the normal population (Swanson et al., 2001a,b) , as do most ADHD rating scales used for diagnostic purposes. The SNAP was further developed to create the SWAN in which different wording of the 18 ADHD symptoms and a 7-point (j3 to 3) rating scale was adopted to better capture variation in the normal population (Hay et al., 2007; Swanson et al., 2001a,b) . Swanson showed that collapsing the j3 to j1 ratings into the zero category yielded the same distribution of individuals as the SNAP 0Y3 rating scale. In the present study, the j3 to j1 ratings are collapsed such that the results can be compared more easily to previous studies using the SNAP-IV or similar scales that focus on differences between affected and unaffected subjects rather than the variation within the normal population.
Models
We fit three types of models: LCA, FA, and FMM. The LCA model corresponds to a subtype definition of ADHD. Suppose an inattentive subtype exists. Then one would expect that individuals with that subtype have high scores on the inattention items of the SWAN questionnaire while scoring relatively lower on the hyperactivity-impulsivity items. For a hyperactive-impulsive subtype, the expected response pattern would be reversed. Individuals with combined subtype would have high scores on all of the items. If inattentive, hyperactive-impulsive, and combined subtypes exist in addition to unaffected individuals, then an LCA model with four classes should provide a good fit to the observed responses. It is important to note, in case severity differences exist, that it is possible that a model with more than four classes is accepted because additional classes are needed to explain the systematic severity differences (Lubke and Neale, 2006) .
FA models are based on the assumption that the population consists of a single type. Suppose that ADHD subtypes do not exist. Then the subjects? observed responses would be expected to differ more with respect to inattention and hyperactivityimpulsivity, and factor models should provide a better fit to the observed responses than LCA models. However, if factor models are fitted to SNAP data and the sample actually consists of more than one subtype, then LCA models should provide the superior fit.
FMMs combine LCA and FA. Similar to LCA, it is possible to fit models with an increasing number of classes. Within each latent class, a factor model with one or more factors is specified that can accommodate systematic differences within a class. This model is therefore a hybrid that allows for subtypes but also for gradual differences in severity within each subtype.
Although LCA and FA models are submodels of the more general FMM, we continue to use the terms LCA model and FA model to allow for an easy distinction. We use the term FMM only for models that have more than one class and at least one factor with nonzero variance within class. Most important, the fit of these different models to the data can be directly compared within this general framework.
Analysis
The prevalence of ADHD is known to be higher in males than in females (American Psychiatric Association, 1994) , and in case of subtypes, females and males may differ with respect to the clustering structure. To avoid confounding, the sexes are analyzed separately. The strategy of the present analysis is to evaluate the fit of alternative models by goodness-of-fit indices including the Akaike Information Criterion (AIC), the Bayesian Information Criterion (BIC), and the sample size adjusted Bayesian Information Criterion, which are designed to facilitate the decision as to which model provides a better fit to observed responses. More complex models such as models with more classes have more parameters and therefore can fit the observed data more easily. Fit indices such as the AIC and BIC give penalties to models with more parameters and therefore help protect against unnecessary model complexity.
Because the different models correspond to different assumptions about the structure of the phenotype of ADHD (e.g., FA models correspond to continuous liability, LCA models to subtypes, and FMM to a combination of subtypes and variation within subtype), the decision as to which type of model provides the most adequate fit can support corresponding conclusions regarding how best to think of the phenotype of ADHD.
All of the analyses were carried out using the Mplus computer program (Muthén and Muthén, 1998Y2006) . Twelve models were fitted to females and males as shown in Tables 1 and 2 . Models 2c to 7c are LCA models with two to seven classes, respectively; models 1f to 3f are exploratory FA models with one, two, or three factors; and 2f1c to 2f3c are FMMs with one to three classes and two factors within a class, respectively. The FMMs have two factors (inattentive and hyperactive-impulsive) within each class, and the nine inattentive items and the nine hyperactive-impulsive nine items of the SWAN are allowed to load only on their corresponding factor (i.e., simple structure). 
The 2f 2c and the 2f 3c FMM are clearly superior to all of the other fitted models. The 2f 2c FMM is the more parsimonious than the 2f 3c FMM. NFBC = Northern Finland Birth Cohort; AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion; LCA = latent class analysis, EFA = exploratory factor analysis; FMM = factor mixture model. Note: As for the females, the 2f 2c and the 2f 3c FMM are clearly superior to all of the other fitted models. NFBC = Northern Finland Birth Cohort; AIC = Akaike Information Criterion; BIC = Bayesian Information Criterion; LCA = latent class analysis, EFA = exploratory factor analysis; FMM = factor mixture model. When restricting the comparison to the six fitted latent class models, it can be seen in Tables 1 and 2 that models with a higher number of classes have higher log likelihood values. This is expected because models with more classes have more parameters and can therefore provide a better fit to the data. The information criteria AIC, BIC, and the sample size adjusted BIC have different penalties for an increase in model leniency as measured by the number of estimated parameters and therefore do not necessarily point to the same model as a best fitting model. Among the LCA models, the BIC favors the five-class model in males and a three-class model in the females, whereas the sample size adjusted BIC points to six classes in the females. The AIC is lowest for the seven class solutions for both sexes. Limiting the analyses to LCA, a researcher would proceed to interpret six or seven clusters.
RESULTS
Goodness-of-fit measures shown in
Considering the FA models separately, all of the information criteria point to the three-factor model; however, the third factor in the three-factor model has no clear interpretation. No specific cluster of items loads on this factor, rather, almost all items have minor loadings. When comparing the three-and two-factor models, the two-factor model would be chosen because only two eigenvalues are larger than 1. Furthermore, the inattentive and hyperactive-impulsive behaviors load separately on the two factors, consistent with the design of the SWAN instrument. The conclusion of fitting only FA models would be that there are two correlated continua corresponding to inattentiveness and hyperactivity-impulsivity.
Among the FMMs, the two-class and three-class twofactor models provide a clearly better fit than the single class two-factor model. The AIC favors the model with three classes, whereas the BIC points to the two-class model in both females and males. The sample size adjusted BIC is smaller for the two-class model in the females and slightly smaller for the three-class model in the males.
An overall comparison of all of the models results in a clear preference for the FMMs over either the LCA or exploratory FA models. This result is the same for both sexes. As indicated in the tables, information criteria show that the FMMs provide a superior fit to the data than any of the LCA or exploratory FA models.
As shown in Table 1 , the two-class, two-factor FMM for females is the best fitting model. The two classes differ in that the larger class (93.2% of the female sample) scores on average lower on all 18 SWAN items than the smaller class (6.8% of the female sample). For males, the three-class and the two-class model provide a similar fit (Table 2) ; however, the substantial increase in parameters of the three-class model argues for the simpler two-class, two-factor FMM solution. Under this model, the low-scoring majority class comprises 0.913 of the male population and 0.088 fall in the highscoring minority class. The male/female ratio in the high scoring (ADHD) class is 0.087:0.068 (ratio = 1.3:1). The structure of the best fitting model is depicted in Figure 1 .
The odds of scoring in the highest response category of the 18 recoded SWAN questionnaire items for females and males are shown in Figure 2 . It is important to note that the odds pertaining to the inattentiveness items and the odds pertaining to the hyperactivity items are both elevated in the minority class. This shows that the majority and minority classes differ quantitatively rather than qualitatively. Even under the three-class, two-factor solution, there is no clear evidence in favor of qualitatively distinct subtypes. Under the three-class, two-factor solution (which does not fit as well as the two-class, two-factor solution when all of the criteria are considered), the third class is merely adding a quantitatively intermediate between the high-and the low-scoring classes. We see no support of qualitatively distinct ADHD subtypes in these analyses. Specifically, an inattentive subtype would be evident if a latent class showed elevated odds on only the inattentive items, and a hyperactive subtype would be evident if a latent class showed elevated odds on only the hyperactivity items. No such distinct classes are observed in the present analysis.
It may be argued that factor mixture analysis is not sufficiently sensitive to detect small classes reflecting qualitatively different subtypes. The high-scoring Fig. 1 The two-class two-factor model which provided the best fit to the data for males and females. The rectangular boxes (IA 1 to IA 9 and HA 1 to HA 9) represent the 18 observed Strengths and Weaknesses of ADHD-Symptoms and Normal-Behavior scale (SWAN) behaviors, the ovals represent underlying severity factors. For both males and females the correlation between the IA and HA severity factors is strong in the low-scoring majority class and moderate in the highscoring minority class. IA = inattentiveness; HA = hyperactivity-impulsiveness. Fig. 2 The probability of scoring in the highest response category of the 18 SNAP items as compared to scoring in any of the other categories for females and males in the two-and three-class factor mixture model. The minority class in all four models (males, females in the two-and three-class models) has elevated probabilities of scoring in the highest response categories of all 18 items. A specific subtype (e.g., inattentive) would be apparent if a class has elevated probabilities only for the corresponding items (e.g., IA items). IA = inattentiveness; HA = hyperactivity-impulsiveness; FMM = factor mixture model. minority class in our analysis may comprise individuals who would be diagnosed as belonging to the inattentive, hyperactive-impulsive, or combined subtypes. Subtypes are commonly derived by applying cutoff criteria to sum scores computed from symptom endorsements or item responses, which is an arbitrary categorization. The current analysis shows considerable variability on two underlying dimensions represented by the inattentiveness and hyperactivity factors within both classes. The correlation of the inattentiveness and hyperactivity factors is approximately 0.6 in the highscoring class for both males and females (Fig. 1) . This correlation is lower than in the unaffected majority class where the correlation is around 0.75. It is therefore possible that the high-scoring class contains individuals who score low on hyperactivity and high on inattentiveness (i.e., inattentive subtype), or vice versa (i.e., hyperactive subtype), or high on both (i.e., combined subtype). In other words, the extremes of the two continuous dimensions may actually comprise the subjects who would be categorized as belonging to one of the subtypes if sum score cutoff criteria were used.
Because no data on DSM-IV subtype diagnosis are available for the full data set, this issue cannot be addressed directly. Instead, we conduct the following post hoc analysis. We categorize inattentiveness and hyperactivity scores to evaluate whether our results match findings concerning the prevalence of subtypes. Table 3 shows a cross-tabulation of females and males in the high-scoring class (225 females, 290 males) after categorizing their inattentiveness and hyperactivity scores in four equidistant intervals. (Note that categorization in four intervals is an arbitrary choice. More intervals would provide a more detailed description of the distribution of factor scores but would not change the conclusions presented here.) A hyperactiveimpulsive subtype would be evident in case of a disproportional number of subjects with high scores on the hyperactive and simultaneously low scores on the inattentiveness (see a cells in Table 3 ). Similarly, Inattentive and Combined subtypes would be evident in case of a clustering of subjects in the cells with superscript b and c, respectively. In addition, there should be no or only few subjects in the cells without superscripts. This, however, is not the pattern that resulted from the 2f 2c FMM for males and females that provided the best fit to the NFBC data. Rather, the subjects are more equally distributed over all of the cells. Specifically, there are some individuals with high scores on the inattentive factor with simultaneous low scores on the hyperactivity factor. The reverse is much less likely. This is consistent with the generally lower incidence of the Hyperactive subtype. Few individuals have high scores on both inattentiveness and hyperactivity. The main proportion of individuals in the highscoring class has intermediate scores on inattentiveness and lower scores on hyperactivity. This pattern of results is similar for females and males (Table 3) and provides evidence of two correlated underlying continua.
DISCUSSION
The statistical approach used in the present study shows that FMMs provide the best fit to the behavioral measures of inattention, hyperactivity, and impulsivity derived from a parent questionnaire obtained on The cross-tabulation is derived by categorizing the inattentiveness (IA) and hyperactivity-impulsiveness (HA) factors into four equally wide categories. Although males have higher proportions in cells with superscripts compared to females, there is no disproportional clustering of subjects in those cells that would indicate the existence of subtypes.
a Cells that reflect high scores on the hyperactive-impulsive factor and low scores on the inattentive factor representative of the Hyperactive-Impulsive subtype.
b Cells that reflect high scores on inattentiveness and low scores on hyperactivity-impulsivity representative of the Inattentive subtype.
c Cells that reflect high scores on both hyperactive-impulsive and inattentive factors representative of the Combined subtype. adolescents in the NFBC. These best fitting models differentiate between the unaffected majority of the cohort and the potentially affected minority, and, in addition, allow for systematic variation in severity. LCA is based on the assumption that individual differences in the observed responses are due to the existence of subtypes, and applying only LCA can therefore not provide evidence in favor of or against the existence of subtypes. A similar argument holds for FA, which is based on the assumption that observed differences are due to gradual severity differences. Only by comparing models that correspond to these competing hypotheses about the ADHD phenotype can we decide which hypothesis makes most sense given our observed responses on the SWAN questionnaire. In our analysis, the hybrid model that separated the unaffected majority from a potentially affected minority while allowing for severity differences in both inattentiveness and hyperactivity-impulsivity provided the best fit to the SWAN data. It would be extremely valuable to apply our approach to previously studied ADHD data sets that used either LCA and extracted multiple classes or FA. Replication of our results would validate the application of FMMs to ADHD behavioral data and perhaps simplify our current understanding of ADHD and putative subtypes in other populations.
The NFBC is a population sample, and the division in a low-scoring majority and a high-scoring minority class is not surprising. The prevalence of the highscoring minority group in the current analysis by sex (8.8% of males, 6.8% of females) differs from the sex prevalences based on DSM-IV criteria in the cohort using DSM-IV criteria (see Smalley et al., 2007, this issue) . One explanation for these differences is that diagnoses based on DSM-IV require additional components beyond the symptom elevation, specifically, age at onset and impairment in two settings. This is an important distinction because the SWAN data may be better viewed as a measure of trait liability to ADHD (based on behaviors), whereas the DSM-IV diagnoses may be a better reflection of who needs clinical services. Future work investigating the sensitivity and specificity of SWAN and DSM-IV in this sample along with other variables of interest (e.g., comorbidity) are needed to refine the ADHD phenotype and to further the distinction between trait liability and disorder. Based on the current analyses and those in the accompanying article using a smaller subset of the data (Smalley et al., 2007) combining SWAN and DSM-IV in examining prevalences by sex, the population distributions suggest that males and females have similar prevalences in risk, but that males may have more associated impairment or features that result in clinical diagnoses.
The importance of our results concern the fact that the best fitting models support two continuous factors representing severity of inattentiveness and hyperactivity with considerable variability on both dimensions. Perhaps most important is that there is no strong indication for a need to identify subgroups within ADHD in this particular sample. The minority potentially affected class has variability within it along inattentive and hyperactive-impulsive dimensions, but our analyses did not indicate that further subgrouping is necessary in the NFBC.
In our analysis, inattentiveness and hyperactivity are positively correlated within both groups. Note that this correlation does not exclude the possibility that individuals have opposite scores on the two dimensions, thus reflecting mainly inattentive symptoms in the absence of hyperactive symptoms (or vice versa). If the two continua are categorized, then individuals can be assigned to different subtypes. Although such an assignment may be useful in practice (e.g., choice of treatment), based on behaviors of ADHD, there is no indication that categorizing into subgroups would increase homogeneity; rather, it is important to realize that it is derived by categorizing what appear to be two continuous, moderately correlated traits. In the NFBC sample, most of the high-scoring minority have moderately high inattentive symptoms and low to moderate hyperactive-impulsive symptoms. Few individuals score in the severe inattentive range, which may reflect cultural differences in symptom endorsement or qualitative differences in severity. Further work is needed to better understand such possible cross-cultural differences in population distributions based on the SWAN.
The present analysis focuses on defining the ADHD phenotype in a large population sample of adolescents. Factor mixture analysis can easily integrate additional information concerning comorbid behaviors. Analyzing ADHD data and data concerning comorbid conditions jointly would provide information whether certain combinations of a comorbid condition and inattentiveness and/or hyperactivity-impulsivity are more prevalent than others.
Limitations
There are several limitations to the present study. First, the conclusions drawn from the FMM analyses are dependent on the accuracy of the SWAN scale to reflect ADHD risk. Although the SWAN appears sensitive to detect ADHD cases, there were many SWAN-identified cases that did not meet DSM-IV criteria (Smalley et al., 2007) , suggesting that results based on SWAN scores may differ somewhat from those based on DSM-IV criteria. Because the behavioral criteria for ADHD may be somewhat removed from the underlying etiology, conclusions as to underlying subgroups based on the behavioral criteria may also be somewhat removed from etiology. Second, the analyses are based on current ratings by parents of ADHD behaviors, parental ratings may be less accurate in adolescence than in childhood, and replication with both self and/or teacher ratings may yield a different picture. Third, conclusions based on adolescent symptom patterns may differ from those at other times in the life span, so additional analyses in other populations and other age groups are warranted. It is possible, for instance, that subtypes are distinguishable in latency-age individuals. Fourth, the NFBC is an ethnically and geographically restricted sample, which may limit the generalizability of our results to other populations. Fifth, statistical analyses such as LCA, FA, and FMM are based on assumptions regarding the distribution of the data and depend on power. Results should be interpreted accordingly (Lubke and Neale, 2006) .
Clinical Implications
The analysis supports the hypothesis that ADHD may be seen along two moderately correlated continua (inattentiveness, hyperactivity-impulsivity) rather than clusters of distinct subgroups. The findings, if replicated in additional samples, support the idea that, at least in adolescence, ADHD may be seen as a single extreme along a continuum in the population, with differences along both dimensions of inattention and hyperactivityimpulsivity. This has important implications for future research and clinical work. In case our results are validated, recognition of ADHD as a trait in the population that in the extreme may be associated with impairment would have important clinical ramifications. Most important, individuals without a diagnosis may fall high on a liability spectrum and may benefit from preventive tools. Second, although impairment warrants treatment, recognition that the predisposition to ADHD is a continuous trait, like height and weight, may help destigmatize the condition because it may be seen as another dimension of human brain and behavioral diversity.
